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Web Search Results 
Diversification

•Query: “Vinci”, what is the user’s intent?

• Information on Leonardo da Vinci?

• Information on Vinci, the small village in Tuscany?

• Information on Vinci, the company?

•Others?
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Results Diversification as a 
Coverage Problem

• Hypothesis:

• For each user’s query I can tell what is the set of all possible intents

• For each document in the collection I can tell what are all the possible user’s 
intents it represents

• each intent for each document is, possibly, weighted by a value 
representing how much that intent is represented by that document (e.g., 1/2 of 
document D is related to the intent of “digital photography techniques”)

• Goal:

• Select the set of k documents in the collection covering the maximum amount of 
intent weight. i.e., maximize the number of satisfied users.
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State-of-the-Art Methods

• IASelect:
• Rakesh Agrawal, Sreenivas Gollapudi, Alan Halverson, and Samuel Ieong. 2009. Diversifying search results. In 

Proceedings of the Second ACM International Conference on Web Search and Data Mining (WSDM '09), Ricardo Baeza-
Yates, Paolo Boldi, Berthier Ribeiro-Neto, and B. Barla Cambazoglu (Eds.). ACM, New York, NY, USA, 5-14.

• xQuAD:
• Rodrygo L. T. Santos, Craig Macdonald, and Iadh Ounis. Exploiting query reformulations for Web search 

result diversification. In Proceedings of the 19th International Conference on World Wide Web, pages 881-890, Raleigh, 
NC, USA, 2010. ACM.
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Diversify(k)
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Diversify(k)
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is the probability of being relative 
to intent c

d is not 
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Known Results

• Diversify(k) is NP-hard:

• Reduction from max-weight coverage

• Diversify(k)’s objective function is sub-modular:

• Admits a (1-1/e)-approx. algorithm.

• The algorithm works by inserting one result at a time, we insert the 
result with the max marginal utility.

• Quadratic complexity in the number of results to consider:

• at each iteration scan the complete list of not-yet-inserted results.
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It looks reasonable, but...

• ... it may not diversify!

• The objective function is NOT about including as many categories as possible in the 
final results set.

• It is possible that even if there are less than k categories, NOT all categories will be 
covered:

• the formulation explicitly considers how well a document satisfies a given category.

• If a category c is dominant and not well satisfied, more documents from c will be added:

• possible at the expense of not showing certain categories altogether.
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xQuAD_Diversify(k)
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xQuAD_Diversify(k)
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Same problem as before... 
It may not diversify!
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Our Proposal:
MaxUtility
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MaxUtility_Diversify(k)
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Why it is Efficient?

•By using a simple arithmetic argument we can show that:

• Therefore we can find the optimal set S of diversified 
documents by using a sort-based approach.
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OptSelect
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OptSelect

12



F. M. Nardini - Efficient Diversification of Web Search Results - VLDB 2011 - Aug/Sept 2011, Seattle, US

The Specialization Set Sq

• It is crucial for OptSelect to 
have the set of specialization 
available for each query.

• Our method is, thus, query log-
based.

• we use a query recommender system 
to obtain a set of queries from which Sq 
is built by including the most popular 
(i.e., freq. in query log > f(q) / s) 
recommendations:
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Probability Estimation
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Usefulness of a Result
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Usefulness of a Result
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Experiments: Settings

•TREC 2009 Web track's Diversity Task framework:

•ClueWeb-B, the subset of the TREC ClueWeb09 dataset

• The 50 topics (i.e., queries) provided by TREC

•We evaluate α-NDCG and IA-P

•All the tests were conducted on a Intel Core 2 Quad PC with 
8Gb of RAM and Ubuntu Linux 9.10 (kernel 2.6.31-22).
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Experiments: Quality
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Experiments: Efficiency
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Conclusions and Future Work

• We studied the problem of search results diversification from an efficiency point of 
view

• We derived a diversification method (OptSelect):

• same (or better) quality of the state of the art

• up to 100 times faster

• Future work:

• the exploitation of users' search history for personalizing result diversification

• the use of click-through data to improve our effectiveness results, and

• the study of a search architecture performing the diversification task in parallel with the 
document scoring phase (See DDR2011 paper)
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Question Time

Franco Maria Nardini
ISTI-CNR, Pisa Italy

http://hpc.isti.cnr.it/~nardini
f.nardini@isti.cnr.it
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α-NDCG
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• The α-normalized discounted cumulative gain (α-NDCG) metric balances relevance and diversity through the 
tuning parameter α.

• The larger the value of α, the more diversity is rewarded. In contrast, when α = 0, only relevance is 
rewarded, and this metric is equivalent to the traditional NDCG.

• DCG measures the usefulness, or gain, of a document based on its position in the result list.

•

• Relevance scores might not be binary (i.e., relevant, not relevant) but also indicating how relevant a result is.

• NDCG is the normalized version of DCG.

• More info at:

• C. L. Clarke, M. Kolla, G. V. Cormack, O. Vechtomova, A. Ashkan, S. Bu ̈ttcher, and I. MacKinnon. Novelty and diversity in information retrieval evaluation. In Proc. 
SIGIR’08, pages 659–666. ACM, 2008.



F. M. Nardini - Efficient Diversification of Web Search Results - VLDB 2011 - Aug/Sept 2011, Seattle, US

α-NDCG

22

• The α-normalized discounted cumulative gain (α-NDCG) metric balances relevance and diversity through the 
tuning parameter α.

• The larger the value of α, the more diversity is rewarded. In contrast, when α = 0, only relevance is 
rewarded, and this metric is equivalent to the traditional NDCG.

• DCG measures the usefulness, or gain, of a document based on its position in the result list.

•

• Relevance scores might not be binary (i.e., relevant, not relevant) but also indicating how relevant a result is.

• NDCG is the normalized version of DCG.

• More info at:

• C. L. Clarke, M. Kolla, G. V. Cormack, O. Vechtomova, A. Ashkan, S. Bu ̈ttcher, and I. MacKinnon. Novelty and diversity in information retrieval evaluation. In Proc. 
SIGIR’08, pages 659–666. ACM, 2008.



F. M. Nardini - Efficient Diversification of Web Search Results - VLDB 2011 - Aug/Sept 2011, Seattle, US

IA-P

• Intent Aware - Precision

• As “traditional” precision measured at a certain cutoff

• Basically, precision is weighted on the probability of each intent.

• More info at:

• Rakesh Agrawal, Sreenivas Gollapudi, Alan Halverson, and Samuel Ieong. 2009. 
Diversifying search results. In Proceedings of the Second ACM International Conference 
on Web Search and Data Mining (WSDM '09), Ricardo Baeza-Yates, Paolo Boldi, Berthier 
Ribeiro-Neto, and B. Barla Cambazoglu (Eds.). ACM, New York, NY, USA, 5-14.
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